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SCOPE 
• To examine the potential of near infrared spectroscopy (NIR)  spectroscopy, a rapid and non-destructive 
technique with minimal sample processing prior to analysis, to determine the concentration of 10 
different compounds in white wines. The collected NIR spectra ranged from 5435 cm 1 to 6357 cm 1.  
• Initially a boxplot analysis, regarding the dependent variables (Y), was performed resulting in Y outliers 
identification and removal. Next, a PCA–X analysis was carried out, regarding the independent variables 
(X) for the identification of distinct clusters and possible X outliers.  
• This led to 4 different datasets fed to the PLS analysis: [1] – ensemble with no X outliers removed; [2] – 
ensemble with X outliers removed; [3] – dataset divided in 3 clusters (1, 2 and 3) with no X outliers 
removed; and [4] – dataset divided in 3 clusters with X outliers removed.  
• An iterative PLS method was then applied, first determining the weights of each wavelength, next 
grouping the wavelength values together according to weight similarity and, finally, recalculating the 
PLS with the averaged wavelength values.  
RESULTS AND CONCLUSIONS 
• The PCA analysis allowed to identify 3 different clusters 
• The PLS analysis allowed to model all compounds with R2 
above 0.94 and RMSE values bellow 15% of the sample 
average values for 9 out of 10 compounds 
R2, RMSE and number of PLS components (n) of the PLS analysis Best model results for the studied compounds 
Compound [1] [2] [3] [4] 
R2 RMSE n R2 RMSE n R2 RMSE n1, n2, n3 R
2 RMSE n1, n2, n3 
ethyl acetate 0.88 7.2 25 0.79 8.7 15 0.95 4.8 10, 10, 9 0.91 6.1 13, 9, 7 
methanol  0.90 4.3 18 0.92 3.7 24 0.96 2.7 8, 10, 9 0.92 3.7 11, 7, 7 
2-methyl-1-butanol 0.96 0.7 23 0.96 0.6 19 0.92 0.9 9, 9, 9 0.91 0.9 11, 8, 7 
3-methyl-1-butanol 0.96 5.0 20 0.95 5.8 18 0.92 7.2 9, 9, 8 0.91 7.3 9, 8, 7 
2-phenylethanol 0.97 1.0 19 0.94 1.2 17 0.92 1.4 10, 7, 8 0.91 1.5 11, 9, 7 
3-methylbutyl acetate  0.96 120.1 21 0.96 120.1 27 0.95 134.4 10, 9, 8 0.83 221.8 11, 9, 6 
ethyl lactate  0.90 44.4 18 0.94 35.0 21 0.95 32.2 9, 10, 7 0.96 27.0 12, 8, 7 
ethyl octanoate 0.91 37.7 18 0.94 32.3 19 0.92 37.1 8, 8, 9 0.93 34.2 11, 9, 7 
diethyl succinate  0.97 310.8 20 0.94 417.4 22 0.92 470.1 8, 8, 10 0.92 461.0 8, 9, 7 
diethyl malate 0.95 916.1 16 0.95 859.6 20 0.93 1081.1 7, 8, 9 0.95 873.4 9, 7, 7 
